Place or residence (POR) and place of work (POW) are two spatial pivots defining patterns of travel behavior. These choices are considered part of long-term choice influencing short-term daily travel choices. Hence, POR-POW distributions are input into almost all daily travel demand models. However, in many cases, POW-POR is modelled in an ad-hoc way considering the gravity-based or entropy is maximizing aggregate modelling approach. Lack of data on the sequence of choices related to POR and POW is often blamed for avoiding using disaggregate choice model. Recognizing such data limitation, this paper presents an alternative methodology of modelling joint distribution of POW-POW that uses disaggregate choice models without necessarily knowing the sequence of POR and POW choices. It uses the conditional probability break downs of joint POR-POW choice probabilities as depicted in the Gibbs sampling approach. This allows capturing effects of household socioeconomic characteristics, zonal land-use characteristics, and modal accessibility factors in the POR-POW models. The model is applied for a case study in the city of Ottawa. Results reveal that the proposed methodology can replicate observed patterns of POR-POW with a high degree of accuracy.
Introduction
Residential and work location choices are central to transportation and land development planning. In the aggregate, travel between the place of residence (POR) and place of work (POW) determines periods of congestion on the transportation network. At the household level, these choices affect the viability of public transit and active modes (i.e., walking and cycling), the number of household automobiles, and the time available for leisure. Both choices are made according to a long-time horizon (i.e., years) and heavily influenced by prevailing patterns of land use. As such, it is essential that models used in planning accurately capture the mechanisms driving these decisions, as well as their interactions (Jiao, Liu, & Guo, 2015) .
Methods for modelling POR and POW decisions can be broadly classified as either aggregate or disaggregate in nature. Aggregate methods are dominated by gravity, or entropy, techniques, which segment the study region into a series of zones and distribute households and jobs among these zones. The method of distribution is generally based on a measure of spatial proximity and accessibility. That is, the probability of a person choosing a particular POW will diminish with distance from their POR. The second class of methods is disaggregate and dominated by discrete choice models. These models are typically one-dimensional, meaning the POR is determined conditionally on a known POW or vice versa. Improvements in computing power have made disaggregate models increasingly viable, and this class of models is the state-of-the-art in transportation demand analysis. However, independently modelling the POR and POW does not capture the strong dependency between these decisions observed in the literature (Waddell, Bhat, Eluru, Wang, & Pendyala, 2007) . The number of models that jointly capture the POR and POW decisions is sparse, and many are not readily interpretable by model users. If one employs a nested logit structure, as proposed by Waddell et al. (2007) , the outcome is a measure of the relative propensity to change residential or work location. However, it is often erroneously given an interpretation of choice timing, which cannot be determined without the inclusion of data as to the timing (and sequence) of each decision.
This paper seeks to address this gap in the literature and proposes a simple method for jointly modelling these two decisions by exploiting the concept used in the Gibbs sampling technique. To develop the joint model, two conditional location choice models are estimated for each of POR and POW. Gibbs sampling approach is used to draw a joint model based on the two conditional location choice models. The empirical model estimation uses the 2011 National Capital Region (NCR) Household Origin-Destination Survey in Ottawa, Canada (Trans Committee, 2013) . This approach allows capturing modal opportunity between origin-destination pairs of the study area in a meaningful way. The remainder of the paper is structured as follows: section 2 provides an expanded review of the literature, section 3 describes the model methods, section 4 outlines the data sources, section 5 summarizes the empirical model results, and section 6 concludes and gives recommendations for future research.
2
Literature review
Location choice models
According to Schirmer, Van Eggermond, and Axhausen (2014) , the development of the residential location model can be separated into three stages. Initially, the bid-rent concept was first proposed in the 19th century by von Thünen in 1826 (Wartenberg & Hall, 1966) to model the residential location choice and further developed by Alonso (1964) . Bid-rent assumes that bidders maximize a utility function depending on various characteristics of the dwelling, and the dwelling is sold to the highest bidder. Following this, Lowry (1964) utilized a gravity model and allocated households to residential zones based on employment levels, residential attractiveness, and a defined deterrence function. Finally, the residential location choice was among the first applications of the multinomial logit model developed by McFadden (1978) . As for the work location, most studies analyze the interdependence between residential location and workplace, rather than explicitly modeling the work location choice. In early applications, both residential location and work location were jointly modeled in aggregate through the trip generation and trip distribution components of the 4-step model introduced by Manheim (1979) . Trip generation determines the total number of commuting trips generated from each origin zone and the total number of commuting trips attracted to each destination zone based on several explanatory variables (e.g., zonal employment and area). In trip distribution, the most likely distribution of the commuting trips can be calculated and summarized in an origin-destination (OD) matrix by using the gravity model. The distribution of commuting trips encapsulates the residential and work location choice, in aggregate. However, this method cannot capture individual location choice preferences.
There have been several efforts to overcome the limitations of aggregate gravity models. A standard method is to jointly model residential and work location choice using discrete choice models. Siegel (1975) and Simpson (1987) are among the first efforts in this area. Rivera and Tiglao (2005) estimate a 2-level nested logit (NL) model to jointly model residential location choice, work location choice, and mode choice of two-worker households in Metro Manila. They suggest that choice makers are more likely to switch the lower level choice (i.e., modes) before switching the choice of the upper level (i.e., a combination of residential and work location choice). Ibeas, Cordera, Dell'olio, and Coppola (2013) indicate that a cross-nested logit (CNL) model can better simulate residential and work location choice than either the conventional MNL model or NL models. The CNL model effectively captures more spatial interactions between the two location choices. Jiao et al. (2015) develop a joint residence-workplace location choice model for Beijing using a mixed logit model, which shows that individuals tend to choose workplaces with higher GDP values and lower commuting distances. Clark and Withers (1999) utilize panel data to model the choice timing process explicitly. They define proportional hazard models for each of residential and work location choice. The triggering event of a change in work location is included in the hazard model for termination of the current residential location, and vice versa. This study provides insights as to the interaction of the two decisions but does not represent a choice model for matching the joint distribution of residential and work location in the context of a regional model.
Most of the discrete choice models found in the literature have an implicit assumption of the choice timing. Many assume that residential and work locations are chosen simultaneously, while others assume that one choice uniformly precedes the other. Also, the disaggregate choice approach tends to obscure the aggregate link between POR and POW. Since the work of Wilson (1970) , the gravity model has provided a theoretical basis for aggregate trip distribution patterns through an extension to entropy. This assumes that the distribution of trips satisfies a most probable, lowest information, condition.
To add to this body of literature on travel demand modelling, the paper proposes an alternative methodology that uses two disaggregate discrete choice model in an intuitive conditional relationship fashion. However, it does not require the assumption of timing or sequence of the choice of home or work locations. We believe, the proposed methodology will benefit travel demand modelling system applications where POR-POW need to be used as pre-requisite.
Location choice attributes
Appropriate attributes are necessary to construct reliable POR and POW choice models. Schirmer et al. (2014) conduct a review of POR choice models and categorize their major attributes into two groups: 1) characteristics of the decision maker and 2) characteristics of the location. The characteristics of the decision maker are typically household attributes. According to Heldt, Gade, and Heinrichs (2016) , typical household attributes used in empirical studies include household size, presence of children, age of homeowner, household resources (including income level, education level, and employment status). The location attributes are further classified into three levels, including socioeconomic environment, landuse attributes, and accessibility. The attributes that affect POR are also closely associated with POW. Socioeconomic environment captures the socioeconomic characteristics of each potential location, such as population density, educational level, and dwelling price. For example, Abraham and Hunt (1997) find that a higher population density is usually associated with more potential opportunities and better accessibility; thus, it has a positive utility in the household residential location choice. Bhat and Guo (2007) indicate that school quality is also an important factor in POR choice, especially for households with higher educational attainments. Dwelling price and tax are also major factors in POR choice. Kryvobokov (2015) constructs a separate hedonic price model as an input to the residential location choice model. Heldt et al. (2016) find that POR choice is also significantly related to the land-use patterns. Typically, "points of interest" are utilized to represent the land-use pattern by capturing specific functional points relevant to the public, such as education facilities, hospitals, and subway stations. Moreover, the mix of land uses in an area influences the POR choice (Tran, Zhang, Chikaraishi, & Fujiwara, 2016) . Chen, Chen, and Timmermans (2008) classify accessibility as being to either work, retail, or open spaces and parks. Accessibility to work can be captured by commuting time and an employment index (i.e., number and type of jobs in each zone), where commuting time has a negative effect on accessibility and employment a positive effect. However, the effect of accessibility to retail is mixed depending on the empirical data (Timmermans, Van Noortwijk, Oppewal, & Van Der Waerden, 1996) . Farley (1995) finds that accessibility to open areas has a variable effect on POR utility, depending upon the household income. In summary, the attributes discussed above should be treated as a preliminary starting point, which should be evaluated through an iterative testing procedure as supported by the empirical dataset.
Methodology
In general, the model construction can be separated into three parts: 1. Evaluating the modal accessibility by estimating a mode choice model 2. Developing two condition location choice models, including a residential location choice model given a work location choice and a work location choice model given a residential location choice 3. Adapting Gibbs sampling to develop a joint model of residential and work location choice
Modal accessibility
According to the literature review, modal accessibility is a vital attribute with regards to POR and POW choice. As such, this paper develops a MNL commuting mode choice model to evaluate the modal accessibility based on the log sum measure. Before constructing the model, it is necessary to define the feasibility of specific choice sets. The mode choice is categorized into six alternatives: Auto Drive (AD), Auto Passenger (AP), Carpool & Ride (CR), Active (A), Park & Ride (PR), and Transit (T). The following rules are utilized to identify the feasible choice set:
1. AD is feasible if the respondent has a valid driver's license, and the number of vehicles in the household is greater than or equal to one. 2. AP is generally a feasible mode unless the respondent indicates he/she will not consider AP during the commuting trip. As the survey does not provide this information, AP is considered as a feasible mode for all trip records. 3. CR is feasible when transit service is available to the work location.
The feasibility of mode A (cycle and walk) is defined by a threshold value of Euclidean Travel
Distance between the origin and destination. The threshold is set at 6.5 kilometers, which is the 85 th percentile travel distance for survey cycling trips. 5. PR is a feasible choice if the individual has a valid driver's license and at least one vehicle. The availability of a transit stop at the work location is also a requirement. 6. Transit is feasible if the transit service is available for both the origin and the destination zone. 7. Finally, the chosen mode is always included in the feasible choice set.
After identifying the feasible choice sets and potential attributes, the commuting mode choice model can be developed to evaluate modal accessibility. We use a MNL mode choice model and define the accessibilities as log sum measures. Thus, the home zone accessibility is given by (1) (2) Where A n is the accessibility for individual n, V ij is the systematic utility for individual n and mode choice m (from a feasible choice set M n for individual n), A i represents the average accessibility of home zone i, F n is an expansion factor for individual n based on statistical accounts, and N is the set of all individuals residing in home zone i. A similar procedure is utilized to develop the work zone accessibility. Thus, the resultant home zone accessibility and work zone accessibility of each zone in the model region can be applied to the two location choice models.
Conditional location choice models
The two conditional location choice models are a residential location choice model, given the work location, and a work location choice model, given the residential location. Typically, a household only has one residential location but may have multiple work locations if there is more than one person in the household. These intrahousehold interactions further complicate the model and are not considered in this initial work. The two conditional location choice models are developed for single-person households so that each household has one residential location and one work location. An extension could be made to multiple-worker households through a nested logit structure, similar to Abraham and Hunt (1997) , wherein the work location for the second worker is nested below the work location decision of the first worker. However, there are issues of defining the household role of each worker -should members be defined as husband/wife? What happens in the case of non-traditional household configurations and multi-worker households? An alternative formulation would be to include additional workers as a new step in the Gibbs sampling procedure outlined in Figure 1 below. Each iteration of the algorithm would include an additional POW estimation for the second, third, etc. worker in each household until convergence of the full POR/POW system. The model system is further simplified by using traffic analysis zones (TAZ) as the level of location choice, to reduce the number of potential alternatives and match the data available for empirical analysis. To construct the model choice sets, random sampling is performed, and a subset of zones are randomly drawn from the full TAZ choice set (10 in our case study). A subset of zones is used to reduce computation time, which tends to increase with the size of the choice set. Given that we must repeat the estimation process many times to reach convergence, we use a fairly small choice set. However, the number could be increased to improve parameter efficiency in future applications of the approach. These 10 zones and the chosen zone together form the consideration set for each household observation.
3.3
Gibbs sampling as an alternative to gravity models Anas (1983) outlines the aggregate approach to the joint determination of POR and POW. He proves the equivalence of a joint model of POR and POW and a doubly constrained gravity model, where the probability of an individual choosing to reside at location i and work at location j is given as follows.
( 3) where , , and are Lagrange multipliers in the maximum entropy optimization system. The vector of are k aggregate attributes of the impedance between POR location i and POW location j. The model relies on the following restrictive assumptions, which we aim to address:
1. All households have the same utility function.
2. All parameters are constant over the population. 3. The joint choice of POR and POW is the outcome of a single maximization by all households.
Gibbs sampling provides a statistical theoretical basis for the disaggregate choice approach. To our knowledge, this approach has not been applied in the literature to location choice. However, Farooq, Bierlaire, Hurtubia, & Floötteröd (2013) apply the technique in the related case of population synthesis. In this context, the objective is the synthesis of a model population from a sample representing a subset thereof. The probability of a sample household being allocated to a particular zone is then conditional on the attributes of the household and the known aggregate totals (i.e., market shares) for each zone. The disaggregate Gibbs approach has the following advantages over the gravity approach:
1. It is the outcome of the maximization of individual household utility functions. 2. Flexibility in the model formulation (e.g., could specify each location model as a nested logit, mixed logit, or other forms of the model). 3. There is no assumption of joint choice. Instead, the joint distribution evolves from the iterative estimation of conditional choice models. This follows the Bayesian paradigm of updating a prior distribution based on new information about the location likelihood function to develop a new posterior distribution. 4. Although we do not condition the present joint model on household attributes, the method is not restricted in its ability to condition the probability of POR and POW choices on household attributes. Both the models described above are conditional choice models. That is, the residential location choice is made given a known work location, and the work location choice is made given a known residential location choice. Each choice is estimated for individual households, with the standard practice being to estimate a joint model using a nested logit structure. The aggregate matching of the joint distribution of residential and work location choice within a discrete choice context is an issue that has mostly confounded research efforts.
Gibbs sampling is a Bayesian statistical method by which the joint distribution can be approximated through a sampling of conditional distributions. Assuming we have two variables, x, and y, their conditional distributions are given by (4) (5) where f(x) is the marginal probability for variable x, f (y) is the marginal probability for variable y, f(x|y) is the conditional probability of y given y, f(y|x) is the conditional probability of y given x, and f (x,y) is the joint probability. The law of conditional expectations gives
also, therefore
Gibbs sampling can be used to obtain the marginals, f(x) and f(y), according to (8) where R is the number of random draws and r j -1 is the value of the conditional distribution after the last iteration. In the case of joint location choice modelling where x is the POR and y is the POW, we would have that the marginal probability of POR= f(x)=P i|j is conditional upon the previous POW probability distribution . The standard method of maximum likelihood estimation, used to determine each conditional model, provides point estimates of the joint likelihood function. The application of Gibbs sampling to these estimates provides the posterior joint distribution for both choices. Geman and Geman (1984) show that this process converges to the maximum of the joint distribution as a Markov Chain, with transitions approaching infinity. The joint distribution represents the equilibrium condition of the conditionals. It can be shown that this equilibrium is independent of the initial conditions. Note, in the current context; only generic alternatives are used in each of the POR and POW models. This removes the complication of the joint probability also being conditional upon the attributes of each household. It is possible to extend the Gibbs sampling method to this more complex context, but the current work considers the more straightforward problem.
Joint model estimation follows an iterative procedure, as outlined in Figure 1 . The POR model is first run, and a random sample drawn of the estimated location probabilities for the chosen zone. The normalized probability for each zone provides a measure of the market share. That is, the proportion of the population choosing to reside in each zone. These market shares form the intermediate, posterior distributions that are used in the subsequent determination of the conditional POW model. The reverse process is then conducted, whereby the market shares from the POW model are used to allocate households to work zones for use in the next iteration of the POR model. This process is continued until the market shares for each zone (in both POR and POW models) do not change significantly between iterations (e.g., to 1 decimal places of precision). The outlined procedure constitutes a form of Bayesian updating, wherein the distributions from past iterations are used as conditional posteriors in the updating of the joint posterior distribution.
We know that the observed location choices are the outcome of an equilibrium procedure of balancing labor and dwelling supply and demand. In the absence of additional data and models, Gibbs sampling approximates this process through the equilibrium of conditional POR and POW distributions.
Gibbs simulation starts with the conditional residential location simulation via random draws. This results in the modeled market share of each residential zone. The next step is to conduct the work location choice model, which is conditional on the modeled residential zone market shares. Then, we model the residential location based on the modeled workplace market share. After sufficient iterations, the market share of residential locations and work locations do not change, which indicates converges to the joint distribution of residential location and work location.
Data for empirical application
Four datasets are used in this study: the 2011 National Capital Region (NCR) Household Origin-Destination Survey, an Enhanced Points of Interest (EPOI) dataset, a CanMap RouteLogistics Ontario dataset, and the Ottawa Neighborhood Study (ONS) -Neighborhood Boundaries.
2011 NCR household origin-destination survey
The NCR Household Origin-Destination Survey is compiled by the Ottawa Trans Committee approximately every five years (since the late 1970s). The latest survey conducted in 2011 is the primary database to estimate the proposed location choice models and mode choice model. It documents 159,311 trips made by 62,897 individuals from 25,374 households (Trans Committee, 2013). Of these trip records, 36,216 are commuting trips with both the origin and destination located within the City of Ottawa. The origin, destination, and home location of each trip are recorded according to the 2011 TRANS TAZ system, which comprises 17 districts (422 zones). The average sampling rate in Ottawa is 5.0% and the total population of the NCR is 1,233,800 in 510,000 households (Trans Committee, 2013). 
Enhanced points of interest (EPOI)
A description of land uses an essential component in the modelling of POR choice. Hence, this paper also adapts the EPOI database developed by DMTI Spatial Inc. (2010), which comprises "over one million Canadian business and recreation points of interest" nationally. The dataset was edited in 2010, which is suitably close to the 2011 analysis year. The Ontario EPOI database contains 513,680 points of interest. In general, these points are categorized as (DMTI Spatial Inc., 2010): 1) agriculture, forestry, and fishing, 2) mining, 3) construction, 4) manufacturing, 5) transportation, communications, electric, gas, and sanitary service, 6) wholesale trade, 7) retail trade, 8) finance, insurance and real estate, 9) services, 10) public administration, and 11) unclassified.
CanMap RouteLogistics Ontario
The EPOI database provides a count of business points but fails to capture the magnitude of business activity and other additional characteristics of land use. Hence, the CanMap RouteLogistics Ontario database is also used to provide additional land-use information. This database is also developed by DMTI Spatial Inc. (2014) and uses 2014 as its analysis year. It provides a detailed roadway network and additional land-use attributes. The CanMap study provides the spatial distribution of land use as 1) commercial area, 2) government and institutional area, 3) open area, 4) park and recreational area, 5) residential area, 6) resource and industrial area, and 7) waterbody. These areas can be determined for each TAZ to give a better sense of land-use composition. Additional details about educational and health care facilities can also be drawn from this dataset.
Ottawa Neighborhood Study (ONS) -Neighborhood Boundaries
In addition to land-use attributes, individual household decisions are strongly influenced by population statistics. ONS Neighborhood Boundaries data were obtained from Open Data Ottawa (2017). This dataset is reviewed and updated every five years, and we use the 2011 version. Population statistics are provided for each neighborhood (district), defined by census tracts, physical and demographic similarities, and physical barriers.
Level-of-service (LOS) data
The LOS data is primarily drawn from the regional travel model (RTM) developed in the travel demand software EMME using the 2011 NCR Household Origin-Destination Survey. All EMME output files are summarized into a LOS lookup table, which lists all LOS attributes between each OD pair. Five commuting modes are defined in the RTM: auto, bus, rail mode, drive & bus, and drive & rail.
Both bus and rail are recorded as public transit in the 2011 NCR Household Origin-Destination Survey. We assume that individuals know the public transit service, and they will prefer the mode with the shorter total travel time. If both modes have the same total travel time, individuals are assumed to choose the rail mode, which is more comfortable and reliable.
The LOS attributes of the park & ride mode can be achieved from LOS attributes of either of the drive & bus or drive & rail modes, depending on total travel time. For simplification reason, we assume park & ride and carpool & ride modes share the same LOS attributes.
4.6
Trip data for mode choice model A total of 36,216 commuting trips from the 2011 NCR Household Origin-Destination Survey are used to construct the mode choice model and obtain accessibility measures. Table 1 outlines the correspondence made between survey modes and model modes. There are 264 trip records (<1% of total trip records) with mode classified as "other." These trips are removed from the dataset for model estimation. Also, 8,693 trip records are excluded due to the absence of model variables and 248 trip records excluded because they were identified as "Poor Trips" (meaning missing critical information or having incorrectly coded locations) by the 2011 NCR Household Origin-Destination Survey. Thus, 27,011 trip records performed by 16,143 individuals from 9,423 households are utilized in model estimation. Such aggregation of modes is routine in applied transportation demand models (City of Edmonton, 2004; TMG, 2015) . It is partially a function of network assignment being largely insensitive to auto passengers compared with taxi trips as both are assigned to the network as passenger trips beginning at the passenger origin and ending at his/her destination. The aggregate 4-step travel demand model, which remain the most common model used in practice, do not assign empty vehicle trips to the network -that is, taxis or buses that are travelling to pick up passengers. As such, we deem the aggregation of modes outlined in Table 1 as reasonable for the current application. 
Household data for location choice models
The next part of the study is to develop two conditional location choice models for single-person households in Ottawa, including a residential location choice model given work location and a work location choice model given the residential location. Since only the single-person households are considered, the household records are reduced from 9423 to 979. For each household records, its Home Zone can be determined based on the corresponding Household ID, while the Work Zone is either the origin or destination zone of the commuting trip. After conducting the simple random sampling process, 11 sampled residential zones and 11 sampled work zones are given for each observation, so that the potential zonal attributes are identified accordingly. All zonal variables are generic and have a fixed coefficient in the utility functions. The only sociodemographic attribute utilized in this study is population density in persons per km2. The accessibility attributes include home zone accessibility, work zone accessibility, and auto commuting distance. The auto commuting distance is a critical attribute linking the two location choice models. By knowing the POW zone for each household, the auto commuting distance can be calculated to capture the attractiveness of potential POR zones. Similarly, knowing the POR, commuting distances to alternative POW locations can be calculated and included in the POW model. A similar link exists between the measures of accessibility in each location choice model, derived from the mode choice model estimation. The land-use attributes include land-use mixing entropy, area proportion of various land-use types, and several service points. Service points can be any combination of public transit services, police/fire stations, educational facilities, and health care centers.
5
Results and discussion
Commuting mode choice model
Initially, all potential attributes are included in the commuting mode choice model. By adopting a backward elimination method, the variables are eliminated or adjusted if they are not significantly related to individual's commuting mode choice (assuming a 0.10 significance level). Model convergence is achieved after 18 iterations using a gradient tolerance of 1×10^(-7). The final log likelihood is -10863.13, and the adjusted rho-square is 0.624. The final mode choice model is presented in Table 2 .
NCR Household Origin-Destination Survey Record Corresponding Mode Choice in the Model (% of trips)
Car driver Auto Driving mode (55%) As shown in Table 2 , all parameters have t-stat higher than the critical value, which indicates a significant relationship with mode choice. Also, all generic parameters (including IVTT, walk time, fare, and Euclidean travel distance) have the expected negative sign. Each commuting mode contains an alternative specific constant (ASC) in its utility function to capture any randomness and error, except for the Active mode, which is set as the reference mode. Overall, the values of all ρ2 indicate a good model fit, with the mode choice model exhibiting an excellent fit (Hensher, Rose, & Greene 2005) . This implies that the proposed mode choice model can effectively capture the decision-making process while individuals select commuting modes.
In order to validate the proposed commuting mode choice model, bootstrapping is performed to compare the observed market share and the predicted market share. There are 27,011 observations in the trip database, so that bootstrapping is conducted 1000 times with a sample size of 27,011. The samples are drawn with replacement to ensure unbiased randomness. The final results of the bootstrap are presented in Table 3 . Based on the results of bootstrapping, we can conclude that the proposed mode choice model fits the sample market shares. The maximum prediction error is roughly within ±1%, and the average prediction error is within ±0.5%. Thus, the mode choice model is used as a reliable source of zonal accessibilities in subsequent model analysis. 
Joint POR and POW model
Upon validating the mode choice model, the modal accessibility can be calculated based on the logsum formula given in equation 2. The resultant accessibility is then utilized to support the development of the two conditional location choice models. Overall, the individual models were found to capture the conditional choice behavior of single-person households. The proposed joint model showed an excellent level of fit and converged after only 18 iterations of the joint Gibbs sampling procedure. The procedure took approximately 25 minutes to converge. Higher sampling rates, beyond 10 alternatives, are increasingly common in the location choice literature to reduce standard errors. However, a larger choice set would increase computation time, which is a particularly pertinent consideration given that the method requires multiple iterations of the estimation procedure. The model could also be improved using additional data sources and more advanced model specifications.
The residential location choice model is a conditional MNL model that estimates POR probabilities by TAZ, conditional on a known work location choice. The final residential location choice model is presented in Table 4 . Table 4 . POR location choice model According to Table 4 , all attributes are generic variables. As expected, a higher population density is correlated with a higher probability of choice. Several service points are defined in the model as the summation of the number of public transit services, police/fire stations, educational facilities, and health care centers. The positive coefficient for the number of service points indicates that zones with more service points have a higher probability of being selected by a household. Moreover, zones characterized by higher percentages of the residential area, recreational area (like parks), and waterbody typically have a better living condition; thus, they are preferred as home locations. A higher level of land-use mixing provides many service opportunities and has a significant impact on POR choice. Lastly, the model suggests a preference for zones with higher accessibilities and shorter auto commuting distances.
Although all attributes have reasonable coefficients, several unobserved factors are not explained in the proposed model. Further research should be conducted to enhance the model accuracy by including additional attributes or adjusting the model structure. Similar to the POR model, the POW model is also a conditional MNL model, which estimates work location probabilities, conditional on a known residential location choice. The final POW model is presented in Table 5 . Table 5 . POW location choice model Similar to the residential location choice model, work zones are generally preferred that have higher population densities and more significant numbers of service points. In this model, only the public transit services and police/fire stations are considered as the service point. Zones characterized by higher percentages of the recreation area, residential area, industrial area, and open area are less preferred as work locations. Modal accessibility also plays an essential role in work location choice. Typically, people tend to prefer a work location with higher work accessibility and/or a shorter auto commuting distance. Further research is required to capture the decision-making process of POW location choice.
Based on the two conditional location choice models, the Gibbs sampling method (following the steps presented in Figure 1 ) is performed to achieve a joint distribution of residential location choice and work location choice for single-person households in Ottawa. The final modeled POR & POW market shares for each zone are compared with the actual market shares to evaluate the model accuracy. Figure 2 summarize the critical error values. Errors are estimated by taking a series of random, bootstrapped, samples, and making a comparison with the original sample. This provides a measure of the prediction error in the case that the population distribution of locations (residential and work) differing from the sample distribution. The residential location choice has a higher level of accuracy with regards to work location choice in the joint model. The average prediction errors of both location choices are relatively low. This indicates that the proposed joint model generally captures location choice behavior. Maximum and minimum errors are well within the bounds of acceptable values and support the finding that the method provides a strong representation of the joint distribution of POR and POW location choices. 
Conclusions and future work
This paper presented a new method for the joint modelling of residential and work location choice and a case study using single-person households in Ottawa. Two conditional location choice models were first developed by following the MNL specification and considering socioeconomic data, zonal land-use information, and modal accessibility derived from a mode choice model. Gibbs sampling was tested as a method for approximating the joint distribution of POR and POW location choice. The method was based on the combination of disaggregate choice models and could be readily applied to a wide range of choice model specifications. The Gibbs sampling approach presents a theoretical basis for the development of a joint POR and POW distribution that is founded in disaggregate behavioral models. We argue that this approach is superior to the traditional gravity approach, which is based on aggregate statistics and has a weak basis in microeconomic choice theory. The proposed approach has the flexibility to be extended in several directions, as outlined below.
Comparison of the Gibbs sampling approach with a traditional approach gravity model would be a useful extension. This would require the estimation of additional models and the development of a metric for comparison between these quite different models. We leave this for future work.
All the choice models used in the study follow the MNL concept, which assumes all alternatives are independent and irrelevant. This simplifies model development but fails to capture the potential spatial correlation between alternatives. Also, the two conditional location choice models only include zonal attributes. This makes the application of Gibbs sampling straightforward but ignores heterogeneity in household preferences. The population could be segmented by socioeconomic category, which would introduce an additional dimension to the conditioning process. This would mean that each iteration of the Gibbs sampling process would include the additional step of conditioning against the market shares for each segment.
Lastly, the choice models are only developed for single-person households, which represents only a portion of the total households in Ottawa. A household may have one residential location, but multiple work locations, if there is more than one person in the household. The model could be extended to include these households by conditioning on both work location choices. This extension would require the estimation of separate POW models for each worker in the household, such that POR and POW for worker 1 would become conditional upon the work location of worker 2, 3, etc.
